Abstract-Human localization is an enabling technology for many mobile applications. As more and more people carry mobile phones with them, we can now localize a person by localizing his mobile phone. However, it is observed that presence of human bodies introduces heavy interference to mobile phone signals. This has been one of the major causes of inaccurate wireless localization for humans. In this paper, we propose using video cameras to help estimate human body's interference on mobile device's signals. We combine human orientation detection and human/phone/AP relative position inference estimation to better measure how a human blocks or reflects wireless signals. We have also developed a signal distortion compensation model. Based on these technologies, we have implemented a human localization system called EV-Human. Real world experiments show that our EV-system can accurately and robustly localize humans.
I. INTRODUCTION
Human localization is an important technology for a variety of applications such as location-based services [6] . The growing popularity of mobile phones provides us an opportunity to localize a person by localizing the mobile phone he/she is carrying. A large category of traditional wireless localization is infrastructure-based localization. Wireless infrastructure such as Base Stations (BSs) or Access Points (APs) collects wireless signals sent by the mobile phone and performs triangulation in order to identify a person's location commonly based on the Received Signal Strength Indications (RSSIs) [1] .
However, localization of a mobile phone that is on a human body can be very inaccurate. One of the most important causes is severe human body interference on wireless signals sent by mobile phones [13] . For example, when the human body totally blocks wireless signals, the RSSI reading at the receiving AP end will undergo a decrease of up to 15-20 dB [13] . This interference severely degrades the accuracy of the traditional RSSI-to-distance conversion based on the free space attenuation model and leads to huge localization errors. Conventional wireless localization techniques cannot automatically detect and rectify this RSSI distortion unless certain information is reported by cooperative people, e.g., their orientations and body movements, which was studied in SpinLoc [8] .
The work was supported in part by China 973 Project 2011CB302800 and the US National Science Foundation (NSF) under Grant No. CNS0916584, CNS1065136 and CNS1218876. Any opinions, findings, conclusions, and recommendations in this paper are those of the authors and do not necessarily reflect the views of the funding agencies. In this paper, we propose a methodology of utilizing video cameras to automatically detect and compensate for this signal distortion due to human body interference for accurate human localization. As shown in Fig. 1 , we want to localize people with infrastructure including video cameras and APs. Our basic idea is to "see" people's position and posture via video cameras and obtain clues on how the body blocks or reflects wireless signals to cause interference and measurement errors at the AP side. Human body interference on electronic signals is largely determined by the relative position between the mobile device, the human body, and the AP [13] . It is almost impossible to reliably know this relative position without actually "seeing" the scenario. So we seek help from video cameras to detect human orientation with respect to the AP and the phone's relative position on the human body. Thus human body interference can be estimated accordingly and RSSI measurements can be amended according to a proper compensation model. This can achieve much more accurate localization of humans.
As simple as the idea may sound, there are two challenges that we must face. The first challenge is finding the relative positions between the mobile phone, the human body, and the AP, which enables finer estimation of human interference. To achieve this, direct sight of phones is best in order to estimate their relative positions. However, this is not always possible as people may place their phones in their pocket or bag. The second challenge is rectifying the wireless signal distortion due to human interference. That is, how much should we compensate to a distorted RSSI, given the known or inferred human-phone position? Although human interference on electronic signals 978-1-4673-5946-7/13/$31.00 ©2013 IEEE 2013 Proceedings IEEE INFOCOM has been observed by existing works [8] , [13] , no clear RSSI compensation model has been proposed.
In this work, we propose and implement a localization system called EV-Human in which we apply the above methodology of visual estimation of human body interference to our existing work, EVLoc [11] . EVLoc is a localization system that associates electronic localization results with visual localization results in order to achieve better localization accuracy. However, EVLoc is designed to localize mobile devices without considering interference from their bearers so it cannot be directly applied to localize humans. After combining the above methodology with EVLoc, the new EV-Human system can localize humans with high accuracy. We claim the following contributions:
• We have proposed the methodology of using visual signals to help estimate the human body interference on electronic signals. The estimation can help us rectify signal distortions due to human body interference, thereby greatly improving electronic localization accuracy.
• We have proposed a set of effective and practical technologies to solve the above two challenges brought by visual interference estimation. We leverage human orientations and movements to effectively infer relative positions between humans, phones, and APs. We have also derived an empirical signal compensation model given the relative position.
• We have conducted extensive indoor and outdoor experiments with static or mobile humans. The results show that our EV-system can accurately and robustly localize humans. Compared to the existing work, EVLoc, EVHuman can significantly improve the localization accuracy by 50% ∼ 100%. The rest of this paper is organized as follows. Section II discusses related work. Section III introduces our methodology. Section IV details the human localization designs. Section V presents our evaluation results. Finally, Section VI concludes this paper.
II. RELATED WORK
Our work aims to perform human localization with mobile device which has not been studied extensively. Many localization techniques [3] , [5] implicitly ignore the impact of human bodies, assuming the electronic devices or sensors are isolated. Scene analysis based localizations, for example RADAR [2] , fingerprint each location of a scene for later matching with observed RSSIs. We argue that the varying orientations of human beings may change the human body interference significantly, and thus affect the accuracy of fingerprints. Device-Free Localization (DFL) [10] , [12] utilizes the impact of human bodies on the electronic signals to locate the human objects. These signal-based techniques can detect the "existence" of human objects but fail to localize the held phones. The identity of the person is also of interest to us. Borealis [13] and SpinLoc [8] are two systems utilize the shadowing effect of human bodies for localizing of APs or users themselves. However, both of them require cooperative users who have to spin. This is not feasible when the people are localized passively or unwillingly.
III. METHODOLOGY
In this section, we are going to discuss the methodology of EV-Human, i.e., how video cameras can help estimate human interference and thereby greatly enhance localization accuracy.
Fig. 2: Localization errors due to human interference
In the example in Fig. 2 , we can see that Alice's phone is blocked by her own body in the perspective of AP C 1 . So C 1 may see a weaker signal from Alice's phone than if Alice is not in the way. It translates to a longer distance between Alice's phone and C 1 , i.e., from AC 1 to A C 1 . As a result, Alice's phone may be located at spot A instead of A. Similarly, Bob's phone may be mistakenly localized at spot B , whereas B is the correct position. Now a phone misplacement will occur due to the erroneous localization results. We will think Alice's phone belongs Bob because it is geographically closer to Bob, while Bob's phone belongs to Alice.
In this case, the error comes from distorted RSSI readings. Without video cameras, we have no way to figure out the blocking and misplacement. But if we can see how Alice and Bob block their own phones, we may be able to correct the RSSI readings. For example, if we see that Alice stands in between her phone and an AP, we should increase the RSSI reading at that AP properly. The compensated RSSI will better reflect the accurate distance between her phone and the AP. As a result, we will be able to "pull" the localization result of Alice's phone back from A to A, and correctly place the phone on Alice, instead of on Bob.
IV. SYSTEM DESIGN
In this section, we present the system design of EV-Human. EV-Human builds upon our existing work called EV-Loc [11] and integrates the above methodology of visual interference estimation.
A. System Workflow
Our localization process is mainly composed of three phases: 1) visual and electronic signal collection and pre-processing; 2) visual signal aided human interference estimation and signal compensation; 3) E-V object association. The second phase is to estimate human body interference based on visual signals. As illustrated in Fig. 4 , we consider the body shadowing and reflection on electronic signals. The human body interference is related to the included angle made by the wireless device, human body and AP. We need two components to estimate the human body interference: human orientation detection and human-device relative position determination. Computer vision techniques are employed to detect the human orientation and a brute-force search with heuristic boosts is applied to find the most possible humandevice position.
After knowing the relative positions among the wireless device, human body and AP, we compensate the electronic signal distortion. We derive the empirical compensation model from human interference experiments. Note that we only know the interference caused by each person but do not know which device is actually affected by that person. Thereby, we need to associate electronic (E) objects with visual (V) objects, i.e., which person owns which phone, in the third phase.
To find the correct association, we leverage the fact that the electronic localization result of a phone and the visual localization result of the owner is the shortest. Thus the Hungarian algorithm [7] is used to find the best association with the minimum distance sum of all E-V pairs. Different from EVLoc, we feed the RSSI difference between an AP pair, called "Pair-RSSI", rather than their absolute RSSI values to the Hungarian algorithm. The intuition behind Pair-RSSI is the observation that the RSSI difference is fairly obvious and stable, especially when a person is facing one of the APs. The Pair-RSSI captures the human impact robustly and is beneficial for canceling the impact of phone heterogeneity, environmental interferences and system biases.
B. Visual Signal Aided Human Interference Estimation
In this section, we describe how to perform human orientation detection and human-device relative position determination. Then we discuss our empirical electronic signal compensation model. 
1) Human Orientation Detection:
We employ two computer vision techniques to detect human orientation: human tracking and face detection.
-Human Tracking: For the general cases in which the persons are continuously moving, we use visual human tracking techniques to track the movement of all human objects and obtain their facing orientations consecutively. Considering that people usually walk in the forward direction, we can determine their orientations based on their moving directions.
We employ multiple cameras from different angles and fuse the information from all the cameras' views to keep continuous track of all human objects using the K-Shortest Path (KSP) tracking algorithm [4] . Further, we employ third-order spline interpolation to smooth the output from visual tracking such that the resulted trajectories are continuously differentiable. The persons' orientations are obtained by calculating the tangential directions of the smoothed trajectories at the sampled locations.
-Face Detection: When a human object is static or stays still, the human face can be an alternative for determining human orientation. The Viola-Jones face detection algorithm [9] is performed on every captured images. When a person is facing the camera with a small deviation angle, his frontal face will be able to be detected and thus his orientation is determined. As face detection requires strict frontal view with a bias angle ≤15
• , multiple cameras are needed in order to cover the 360
• of the area of interest.
2) Human-Device Relative Position Determination: Next, we need the human-device relative position to determine the included angle of the wireless device, human body and AP. An intuitive idea is to do brute-force search. By assuming one human-device relative position for each person, we can compensate the signal distortion and perform E-V object association. After examining every case, the best matching result with the lowest "distance" is selected as the final localization result. However this approach is highly time consuming. Here we provide two ways to boost it.
First, the human orientation detection result is utilized to provide a reference direction. We assume the human-device relative position keeps the same during the localization period. Thus, the included angle of the wireless device, human body and AP is uniquely determined by the human orientation. As people usually put the phone in front of body, in left or right pocket or in the knapsack at the back, we consider these four relative positions in our system. Second, we let Pair-RSSI play as a filter during the search. The idea is to check the validity of "Pair-RSSI" values. For example, the "back" position can 3) Electronic Signals Compensation: We conducted experiments to measure the human body interferences on electronic signals. Two APs are placed on a line, as is shown in Fig. 4 . One person holds a phone in front of his chest and stands at an angle of θ to the connecting line. We measure the RSSI readings on the two APs when θ varies. The results are shown in Fig. 5 . We observe that when the person faces one of the APs, the AP behind the person receives a significantly weaker signal, e.g., 15-20 dB. Meanwhile, the wireless signals from the mobile phone bounce off the human body and the reflected signal reach the AP in the front. In our experiments, the AP in front of the person usually receives a slightly stronger signal, e.g., 3-5 dB.
We have modeled and calculated the RSSI differences at AP0 and at AP1 as follows (refer to Appendix for details). RSSI readings suffer from severe noise influence. Directly using RSSI as the localization measurement is not reliable. In this work, we propose using Pair-RSSI, the RSSI difference between an AP pair, instead of absolute RSSI readings. We can observe that the value of RSSI difference is outstanding and fairly stable when θ is near 0
• or 180
• . Furthermore, Pair-RSSI is beneficial for canceling environmental noises. We show in Table I the variances of absolute RSSI and Pair-RSSI observed in our experiments.
V. EVALUATION
We have implemented EV-Human system and conducted real world experiments in human localization. In this section, we report the system evaluation results.
A. Experiment Settings -Scenarios:
We evaluated EV-Human in static mobile scenarios. In the static scenario, people keep static in one frame and change their locations and orientations in the next frame. We conducted outdoor (10.7 m × 18.3 m) and indoor experiments (5 m × 10 m) with 6 participators. We recorded 9 outdoor frames and 16 indoor frames. In the mobile scenario, the people are moving freely in the experiment scene. We conducted the mobile experiments indoors (8 m × 11 m) with 3 participators. The phones were either held in the hands or put in the trouser pockets. For each case, we recorded E and V data for about 2 minutes (400∼500 frames).
-Evaluated Algorithms: The following five algorithms are evaluated for comparison. The first one is the baseline E localization algorithm (P1) through trilateration. The second algorithm EVLoc (P2) integrates the electronic localization and visual localization. We add the human interference in the third approach (P3). Next, we incorporate the Pair-RSSI idea in the fourth algorithm (P4). Finally in the fifth algorithm (P5) we infer the human-device relative positions assuming the humandevice relative positions are unknown.
-Metrics: 1) Average error distance. It refers to the average distance from the actual location to the localized position over all human objects. 2) Convergence speed. It refers to how many frames an algorithm needs before achieving correct localization results.
B. Experiment Results

1) Static Scenario:
In the static scenario, we evaluated P1∼P4 algorithms given that the human-device relative positions are known (in front of the human bodies). The results are shown in Fig. 6a, 6b . We can observe that our proposed algorithm P4 has the lowest average error distance among the four algorithms and reaches zero error performance fastest. Specifically, with the help of human interference model, we can amend the RSSI deviation and reduce the average error distance by around 1 meter in one frame. Although P2∼P4 all get the correct localization results with the 9 outdoor frames' data, P2 needs all the 9 frames while our algorithm P4 only needs 5 frames. The convergence speed has been improved by nearly 100%. For the indoor experiment, neither of P2 and P3 could reach the zero error with all 16 frames' data but P4 has already found the correct localization results with 9 frames.
2) Mobile Scenario: The performances with mobile human objects are shown in Fig. 6c, 6d . We can observe similar performances to those in the static scenario. P2 performs much better than the traditional electronic localization and a little bit worse than P3 as the human interference is neglected. Furthermore, P4 performs best among all algorithms which costs 39 or 56 frames to find the 100% correct matches of EV objects. It means P2 may fail to find the correct electronic identities of the human objects in a 20 seconds (100f / 5fps = 20s) long video but our algorithm P4 can successfully pick out one person's corresponding electronic identity as long as he once walked into the monitored area for about 8∼11 seconds. Besides, we observe that P5 has a very decent performance compared with other algorithms. Although it needs 90∼100 frames to reach the accuracy of 0.2 meter, it performs much better than P2. For example, the average error distance has been decreased from 0.90 meter to 0.21 meter at the 100th frame (Fig. 6c) . We also notice that the average error angle of the determined relative positions is only 57.3
• or 41.0
• when phones are in the hands or in the pockets. In other words, we may regard a phone locates at the left diagonal of a human body while it is actually in the front. Such an accuracy is acceptable in human localization.
VI. CONCLUSION
In this paper, we have explored the problem of wireless human localization problem, which remains a difficult problem due to human body interference. We have introduced video cameras to estimate body interference on wireless signals. An effective and practical approach to compensate the interference has been proposed. We have implemented the system called EV-Human and conducted extensive real world experiments to confirm the efficiency and robustness of our localization scheme.
